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Abstract

Interpreting process mining outputs such as process-variant clusters and conformance violations is difficult for
non-experts without clear explanations. While large language models (LLMs) can generate natural language
narratives, they are unreliable when reasoning over numerical data and process structures. We present a
demonstrator that constrains an LLM to an agentic function-calling interface grounded in precomputed XAI
outputs, combining density-based clustering, rule-based explanations, and both alignment-based and declarative
conformance checking. The system answers natural language queries by retrieving and composing computed
metrics and explanations rather than inventing them. We evaluate the demonstrator on the Road Traffic Fine
Management Process dataset across queries of increasing complexity.
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1. Introduction

For data storytelling to be truly effective, it must be accompanied by clear narratives that guide users
through the insights and implications of the data [1, 2]. Large Language Models (LLMs) provide a
natural solution for generating such narratives, enabling dynamic, context-aware and user-specific
explanations. [3, 4] Unfortunately, explanations directly generated by LLMs fail for complex composi-
tional problems [5] and lack the mathematical reasoning capabilities required for reliable numerical
analysis or ranking [6]. Moreover, they are often not grounded in the underlying process [7]. At best,
this leads to "explanations without explainability” [8] and at its worst to misinformation and incorrect
explanations [9]. Therefore, LLMs must be constrained [10] and only generate verbalizations directly
from the underlying data or recall explanations derived from established explanation methods [11].
Crucially, in our approach, the LLM itself is not the underlying black-box model; instead, it serves as an
interface that verbalizes clustering explanations and computed metrics retrieved via function calling.
Their actual contribution is then reduced to translating the insights and generated explanation into a
understandable natural language narrative that is more accessible to the target audience [12, 13, 14].
Process Mining (PM) aims to to analyze event data from operational processes to gain insights and
improve their performance, compliance, and efficiency [15]. Two key challenges in process mining are
improving usability and understandability for non-experts. Thus, results must be presented through
intuitive interfaces and accompanied by clear, trustworthy explanations so that non-experts can correctly
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interpret the insights [16, 17]. In reality, real word processes can lead to so called "spaghetti models" [15]
and one way of untangling these models is by subprocess discovery via clustering[18]. Another key task
in process mining is conformance checking [15], which evaluates how well observed process executions
align with a reference process model. Two common approaches include alignment-based conformance
checking [19], which detects deviations from procedural models using Petri nets, and DECLARE-based
conformance checking [20, 21], which evaluates compliance against declarative rule-based models.

We present a PM demonstrator extending earlier work [18, 22]. While our previous XAI-2025
demonstrator, ClustXRAI [23], focused on interactive cluster exploration with static XAI models, this
work adds alignment-based and declarative conformance checking for detecting process deviations,
along with an autonomous agentic LLM that explains insights on demand via a grounded function-calling
interface.It utilizes clustering to identify distinct execution patterns, thereby managing the complexity
of real-world processes. Additionally, we integrate conformance checking to detect deviations between
observed executions and normative process models. To support the interpretation of results, explainable
artificial intelligence (XAI) methods are employed to characterize and explain the identified patterns.
Finally, to make these technical insights accessible to non-experts, we integrate an agentic LLM as an
interactive interface.It autonomously queries underlying metrics, clustering details, and explanations
via function calling to generate dynamic, on-demand natural language narratives.

2. System Overview

Before demonstrating the system on a real-world process mining dataset, we first introduce its architec-
ture and key components as the foundation for the walkthrough.

2.1. Architecture

As illustrated in Figure 1, our system architecture is divided into two distinct processing phases: a
preprocessing pipeline and an agentic LLM interaction layer. The preprocessing pipeline begins with
the extraction of raw event data from an ERP system, which is transformed into a structured event log.
This log serves as the foundation for process discovery and clustering algorithms that identify distinct
process variants. In the second component, the data undergoes conformance checking (alignment-based
and declarative), where traces are evaluated against the normative process model. Finally, we generate
explanations for both the resulting clusters and the conformance checking outcomes, incorporating
background knowledge at each stage to enrich the analysis. These XAl explanations are available either
precomputed or computed lazily on demand via function calls. The second component features an
interactive dashboard accompanied by an agentic LLM. This agent enables a conversational interface
where users can interactively explore the data. To answer user queries, the agent uses a set of tools
to retrieve the necessary information from the data underlying the dashboard and the preprocessing
pipeline, such as specific metrics and clustering or conformance explanations.
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Figure 1: Architecture diagram showing preprocessing stage and user interaction with agentic LLM explanations



2.2. Components

Process Discovery For process discovery, we utilize the Microsoft Power Automate Process Mining
solution'. The tool discovers a process model from the event data, represented as a Directly-Follows
Graph (DFG), which reflects the underlying structure of the event log,.

Clustering Our clustering approach follows previous work [18, 23]. We employ a density-based
algorithm [24] combined with activity profiling and variant-based downsampling. Each case in the
event log is mapped to its process variant and encoded as a boolean feature vector capturing trace-level
constraints (e.g., activity presence and temporal ordering). To approximate the underlying case-level
distribution, we sample representative variants and compute pairwise similarities via a distance matrix,
to which the clustering algorithm is applied to identify clusters and filter noise. Finally, the resulting
variant-level assignments are projected back onto the individual cases to enable detailed analysis.

Conformance Checking Conformance checking is performed through two complementary pipelines,
both accepting a normative process model (in the form of Business Process Model and Notation — BPMN)
and the clustered event log as input, producing an extended event log in which each trace is enriched with
its detected violations. The first pipeline utilizes an alignment-based approach [19], where the BPMN
model is automatically converted into a Petri net and optimal alighments are computed. Deviations
are recorded as log moves (activities executed in a trace that the model does not permit) and model
moves (activities required by the model but absent from the trace), which are appended to the extended
log. The second pipeline adopts a rule-based approach grounded in Declare [21], where the BPMN
model is automatically translated into a set of declarative constraints and evaluated against each trace.
Violations are recorded as unsatisfied constraints, which are appended to the extended log.

XAl We combine two complementary explainers to characterize the discovered clusters. The first
is a domain-agnostic explainer based on ClusterExplainR [25], which derives rule-based cluster de-
scriptions by computing local feature importance scores regarding activity presence and absence. The
second utilizes trace-level conformance violations, encompassing both alignment-based and declarative
deviations as described in Section 2.2. These violations are aggregated at the cluster level to provide
conformance rates and a ranked breakdown of specific violations.

Agentic Explanations via Function Calling Instead of relying on pre-cached text or retrieval-
augmented generation, our approach provides the LLM with a suite of typed function calls. These
structured interfaces allow the agent to autonomously retrieve, calculate, and compare process metrics
and explanations on demand. When a user poses a query, the LLM identifies and executes the necessary
functions, processes the returned data, and generates a natural language response. This agentic approach
ensures that every answer is grounded in precise, computed values. In total, we implemented 16 functions
that fall into four categories: retrieval, comparison, similarity, and context. Retrieval functions such as
(get_cluster_conformance)return a cluster’s full conformance profile (rate, case count, ranked violations)
given its ID and conformance type. Comparison functions like (compare_clusters_conformance) contrast
multiple clusters, detailing shared and unique violations. Equivalent functions compare activity presence,
metrics, and rules. Similarity functions such as (get_most_similar_clusters_activity]identify the top-
n clusters resembling a target via pairwise Euclidean distances over activity vectors or rule distributions.
Context functions like (get_declare_rule_type_explanations)provide domain definitions for Declare
constraints to ensure semantically grounded explanations.

Dashboard The dashboard shown in Figure 2 is implemented in Power BI and integrates interactive
process visualizations, conformance metrics, page navigation, and an LLM-based chat interface.

'https://learn.microsoft.com/en-us/power-automate/process-mining-overview, 26 February 2026.
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Figure 2: Interactive dashboard displaying the DFG visual, key metrics and conformance charts, page selection,
and the agentic chat interface.

The overall process flow is represented by a Directly-Follows Graph (DFG), initially showing the full
dataset with activity nodes and frequency-labeled edges. When clusters are selected, the graph filters to
the relevant subset. Merging multiple clusters, as shown for Clusters 4 and 6 in Figure 3, allows analysts
to compare subprocess structures and map alignment violations directly onto the process flow. The
classical process flow performance indicators, including case duration statistics, rework rates (self-loops,
loops), and the overall conformance rate, alongside indicators for case volume and variant count, provide
an overall overview of the process. The “Cluster Conformance by Alignment” chart visualizes the
ratio of conformant to non-conformant cases per cluster, while “Alignment Violations Count” ranks
deviations by frequency (e.g., Extra activity: Send for Credit Collection). Selecting elements in these charts
dynamically filters the entire dashboard, including the DFG. Navigation tabs for switching between
the alignment-based view, the Declare-based dashboard, and the clustering overview, are provided on
the bottom left. Finally, an LLM-based chat interface allows users to query conformance data using
natural language, providing analytical insights through dialogue-driven, context-aware explanations.
This interface explicitly displays the invoked function call stack alongside the response, enabling users
to verify the correctness of the retrieved data when needed.
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Figure 3: Dashboard displaying the combined Process Model of selected Clusters 4 and 6.



3. Walkthrough: Grounded LLM Explanations via Function Calling

We demonstrate our system using the Road Traffic Fine Management Process (RTFMP) dataset? derived
from an Italian local police force information system. This dataset documents the full lifecycle of traffic
fines, from issuance to settlement. The following scenarios show how the agentic LLM autonomously
resolves user queries by invoking function calls. We progress from simple lookups to complex multi-step
analyses, presenting the query, executed function calls, and the generated narrative for each case.

3.1. Single Cluster Conformance Analysis

In response to the query “Explain cluster 6 in terms of declare conformance”, the agent executes
(get_cluster_conformance(cluster_id:"6", cc_type:"Declare")]. This call reveals that among 2,122
cases, none (0.0%) are conformant due to a single violation: Response(Payment, {Payment, END}).
Interpreting this, the LLM states that every trace fails the constraint requiring a Payment to be followed
by another Payment or process termination (Figure 4). The generated narrative follows the structured
output of the underlying function call, making the response largely traceable to computed data.

Explain cluster 6 in terms of declare conformance ¥ Action: KigaPBICCPlugin-get_cluster_conformance

Input Arguments:

Describe Cluster 6

Cluster 6 contains a total of 2,122 cases, all of which exhibit a conformance
rate of 0%. This indicates that none of the cases in this cluster conform to
the expected sequence of activities according to the Declare rules.

Result:

The primary violation observed is related to the activity "Payment.”
Specifically, after a "Payment” is recorded, it is expected that either another "cluster_id": "6",
"Payment" occurs or the trace ends immediately after. However, this Jocaiicasc=iii22>
condition is violated in all cases within the cluster, thus highlighting a “conformant_cases": 0,

PN . . "conformance_rate": o,
significant flaw in the process behavior.

"top_violation": "(Response(Payment, {Payment, END})) After 'Payment’, it
- . is expected to see either 'Payment’' or the immediate end of the trace
In summary, the core defining feature of Cluster 6 is its complete lack of afterwards.",

conformance to expected process sequences, reflecting issues in managing "violations": [

payment activities effectively. {

"violation_name": "(Response(Payment, {Payment, END})) After

‘Payment', it is expected to see either 'Payment' or the immediate end of
the trace afterwards.",

"count": 2122,

"share_in_cluster": 100

}

Agent Reasoning (Tool Calls):

» Action: KigaPBICCPlugin-get_cluster_conformance

Figure 4: Cluster 6 conformance: LLM response (left) and tool call (right).

3.2. Direct Cluster Conformance Comparison

When asked to “compare clusters 6 and 0 in terms of declarative conformance”, the agent triggers
function (compare_clusters_conformance (cluster_ids:["6","0"], cc_type:"Declare" )J, which returns
conformance rates along with lists of shared and unique violations. Specifically, Cluster 6 fails the
Payment response constraint, whereas Cluster 0 violates two rules related to Send Fine sequencing and
mandatory end activities. Finally, these findings are synthesized into a concise comparison, as shown
in Figure 5. The response can be traced back to the returned function call result, supporting verification
of the reported violations and conformance rates.

3.3. Multi-Step Query Orchestration

The agent’s capacity for multi-step reasoning is demonstrated in Figure 6, where it autonomously
decomposes a complex analytical task. The user prompts the system to identify the cluster most
similar to the least conformant one, compare them across activities, rules, and violations, and
finally evaluate them against the dataset average. First, ([get_clusters_by conformance_rate] and
(get_similar clusters_by_conformance] are used to identify Cluster 0 as the least conformant and

Cluster 6 as its most similar counterpart. Next, (get_cluster_info), (compare_cluster_activities),

*https://data.4tu.nl/articles/dataset/Road_Traffic_Fine_Management_Process/12683249, accessed 9 March 2026.
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¥ Action: KigaPBICCPlugin-compare_clusters_conformance

compare clusters 6 and 0 in terms of declarative conformance

Comparison of Clusters 6 and 0 in Terms of
Declarative Conformance

Both Cluster 6 and Cluster 0 demonstrate zero conformance to the declarative
rules, indicating a lack of adherence to expected sequences in their processes.

Input Arguments:

type": "Declare”

Unique Violations: Result:

Cluster 6:

There is a violation related to the response expectation after the 'Payment’
activity. After 'Payment’, it is expected that either 'Payment’ or the end of
the trace occurs.

s_compared”: [

Cluster 0:

Two violations are noted:
o Following 'Send Fine', the expected activities should be either 'Insert
Fine Notification' or 'Payment'.
o Traces are expected to conclude with one of the following activities:
'Send for Credit Collection’, 'Payment’, 'Appeal to Judge', or 'Notify
Result Appeal to Offender.

nd for Credit Collection, Payment, Appeal to Jud
o Offender})) The trace must end with either ‘Send for Credit
L . e nt' or 'Appeal to Judge' or 'Notify Result Appeal to

In summary, both clusters exhibit complete non-conformance with distinct

violations, highlighting specific areas of inconsistency in their process flows.

(Payment, {Payment, END})) After 'Payme it is expected to

Agent Reasoning (Tool Calls)

ent' or the immediate end of the trace afterwards.

» Action: KigaPBICCPlugin-compare_clusters_conformance

Figure 5: Cluster 6 vs. Cluster 0: LLM response (left) and tool call (right).

[comparefclusterfrules], and {compareiclustersfconformance] are used to compare these clusters. Fi-
nally, (get_overall conformance_stats]is used to get the process baseline. This sequence makes the
reasoning chain explicit and ensures that each intermediate conclusion is backed by a specific tool
output. Synthesizing these results, the agent finds that while both clusters involve fine issuance, only
Cluster 6 includes financial steps like Payment and Add Penalty. Consequently, deviation patterns
differ: Cluster 0 fails on Send Fine sequences, whereas Cluster 6 fails on Payment sequences, with both
falling significantly below the average conformance rate. Despite the complexity of the query, the
response remains grounded in the retrieved data, with intermediate conclusions being traceable to

specific function call outputs.

Which cluster is the most similar to the most non-conformant cluster in terms In Cluster 0, the rules indicate that: Agent Reasoning (Tool Calls)

of alignment conformance? Once identified, compare the most similar cluster

* "Add Penalty" is False » Action: KigaPBICCPlugin-get_clusters_by_conformance _rate
 "Payment" is False
« Key activities such as “Insert Fine Notification” and “Appeal to Judge”

are also marked as absent.

based on its activities, rules, and Declare conformance violations. Finally,
determine whether its Declare conformance rate is higher or lower than the v Action: KigaPBICCPlugin-get similar_clusters by.conformance
dataset average

Input Arguments:

In contrast, the rules in Cluster 6 assert that "Send for Credit Collection"
occurs and set expectations that differ from those of Cluster 0.

Most Similar Cluster to the Most Non-
Conformant Cluster

The most non-conformant cluster, Cluster 0, is most similar to Cluster 6
based on alignment conformance.

Comparison of Cluster 0 and Cluster 6
Activities

Cluster 0 includes the activities “Create Fine" and "Send Fine," both present
in 100% of cases. Conversely, Cluster 6 features a broader set of activities:

« "Payment"

"Add Penalty"

"Send for Credit Collection”
"Create Fine"

“Send Fine"

Activities like "Payment" and "Add Penalty" are completely absent in Cluster
0, showcasing a fundamental difference as Cluster 6 allows for financial
actions associated with fine processing

Rules

The rules governing these clusters further define their processing
approaches.

Declare Conformance Violations
Both clusters exhibit a Declare conformance rate of 0%. The violations
highlight the absence of expected sequences:

For Cluster 0:

« Missing expected activities like "Insert Fine Notification” or “Payment"
after the "Send Fine" event.

For Cluster 6:

« The anticipated actions surrounding “Payment" and the flow governed
by “Send for Credit Collection.”

Conformance Rate Comparison

The overall Declare conformance rate for the dataset is 82.24%. Since both
Cluster 0 and Cluster 6 have a Declare conformance rate of 0%, this
indicates that both clusters are significantly below the dataset average.

In summary, while both Cluster 0 and Cluster 6 are non-conformant, Cluster
6 offers a more varied set of activities related to fine management
compared to the narrow focus observed in Cluster 0.

Result:

» Action: KigaPBICCPlugin-get_cluster_info

» Action: KigaPBICCPlugin-compare_cluster activities

» Action: KigaPBICCPlugin-compare_cluster_rules

» Action: KigaPBICCPIugin-compare clusters_conformance

» Action: KigaPBICCPlugin-get_overall_conformance stats

Figure 6: Multi-step analysis: LLM response (left and center) and six chained tool calls (right).

4. Conclusion

Our demonstrator implements a complete pipeline ranging from process discovery to interactive,
grounded explanations for clustering and conformance checking. It utilizes hierarchical density-based
clustering in combination with the ClusterExplainR to provide clusters and rule-based explanations.



Alignment and declarative conformance checking provide insights into how individual clusters behave
in comparison to a normative process model. Finally, an agentic LLM with function calls for retrieval,
comparisons, similarity, and context knowledge provides the user with answers that are grounded in
factual data, while the possibility to review individual function call results allows users to verify the
agent’s answers if desired, providing transparent provenance for each claim.

For future work, we plan to develop methods that quantify the contribution of each function call
to the generated answer, analogous to agent importance in multi-agent scenarios [26]. We also plan
to implement verification mechanisms that ensure every part of a user query is addressed by the
appropriate function calls. Likewise, we will investigate approaches to validate that the verbalization
accurately reflects the outcomes of the function calls, minimizing misinterpretation and hallucination.
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